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eMethods  

Exclusion Criteria: Children were eligible for the LERD study if they met the following general 

exclusion criteria: No uncorrected vision or hearing problems, no mental retardation (IQ<70), no 

limited proficiency in English, no brain injury (e.g., history of head trauma, meningitis, epilepsy, 

etc.), no severe psychiatric disorders (major depression, Tourette's syndrome, obsessive-

compulsive disorder), and no ferromagnetic material in their body (e.g., braces). However, 

because the LERD study related to reading disability (RD) and there is a comorbidity of RD with 

ADHD, children with ADHD (as well as other mild psychiatric conditions, e.g., oppositional-

defiant disorder, adjustment disorder, mild depression) were not excluded from participation. For 

the purposes of this paper, we excluded those children who were on medication and performed 

predictive analyses with and without the children who were diagnosed with ADHD. 

ADHD Diagnosis: ADHD status was determined by DSM-IV criteria, which requires that 

symptoms be present in at least two settings. Therefore, two questionnaires were administered to 

each child’s parent and teacher. For an ADHD diagnosis, participants had to meet the criterion of 

scoring above the 93rd percentile on at least one of two parent questionnaires/rating scales, and 

on at least one of the two teacher questionnaires/rating scales (ADHD Rating Scale-IV1,2). 

Participants classified as having ADHD also had to meet DSM-IV diagnostic criteria for ADHD 

based on Diagnostic Interview for Children and Adolescents-IV (DICA-IV3) interview (past or 

present) conducted with the parent and signs/symptoms must have been present before age 7 and 

have persisted for longer than 6 months. Children were only considered free of ADHD if they 

did not meet criteria on the parent and teacher questionnaires/rating scales used to diagnose 

ADHD and on the DICA-IV. Seven patients who completed the study were diagnosed with 

ADHD and four of them were on medication. We statistically controlled for all of the ADHD 
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subjects as well as for those four participants who were diagnosed with ADHD and were on 

medication. In addition, we also controlled for at-risk for reading difficulty as measured by the 

Woodcock Johnson scores. 

CBCL Scoring: The CBCL records behavioral problems and competencies of children ages 6 to 

18 years based on parental reports. Normed on a nationally representative sample of 1,753 

youths, it includes the following eight empirically based syndrome scales: 1) Aggressive 

Behavior, 2) Anxious/Depressed, 3) Attention Problems, 4) Rule-Breaking Behavior, 5) Somatic 

Complaints, 6) Social Problems, 7) Thought Problems, and 8) Withdrawn/Depressed, as well as 

summary scores reflecting “Internalization” and “Externalization.” Internalizing Problems sums 

the Anxious/Depressed, Withdrawn, and Somatic complaints scores, while Externalizing 

Problems combines Rule-breaking and Aggressive behavior. The standard scores are scaled so 

that 50 is average for the youth's age and gender, with a standard deviation of 10 points. Higher 

scores indicate greater problems. For each syndrome, scores can be interpreted as falling in 

normal, borderline, or clinical ranges of behavior. Researchers typically use T scores of 60-70 

(>1SD <2SD) as medium level of symptoms (or “subthreshold” elevations), and T scores above 

70 (>2SD) as syndromatic.  

CBCL reliable change index:  When calculating the changes of CBCL, we used a reliable 

change index (RCI). We assumed a reference Cronbach’s alpha 0.90 for CBCL internalizing 

scores, and 0.86 for CBCL attentional problems4,5,6. 

 

Resting state fMRI Analyses: Resting state fMRI data were analyzed in Conn 

(http://www.nitrc.org/projects/conn)7, which incorporates methods to both minimize the 

http://www.nitrc.org/projects/conn
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influence of head motion artifacts and allow for valid identification of correlated and anti-

correlated networks8.  

Preprocessing: Spatial preprocessing of functional volumes included slice timing correction, 

realignment, normalization, and smoothing (8mm FWHM Gaussian filter), using SPM12 

(Wellcome Department of Imaging Neuroscience, London, UK; 

http://www.fil.ion.ucl.ac.uk/spm). 

Denoising (e.g., Motion and Physiological Aliasing): To address potential spurious correlations 

in resting state networks caused by head motion, we used a procedure to identify problematic 

time points during the scan, using the Artifact Detection Tools (ART, 

http://www.nitrc.org/projects/artifact_detect) which is implemented in Conn. Specifically, an 

image was defined as an outlier image if the head displacement in x, y, or z direction was greater 

than 1.0 mm from the previous frame, or if the global mean intensity in the image was greater 

than 3 standard deviations from the mean image intensity for the entire resting scan. The 

temporal timeseries characterizing the estimated subject motion (3 rotation and 3 translation 

parameters, plus another 6 parameters representing their first-order temporal derivatives) and 

artifactual covariates (one covariate per artifactual time point consisting of 0’s everywhere and a 

“1” for the artifactual time point), were used as nuisance regressors in the first level General 

Linear Model (GLM). The anatomical image for each participant was segmented into white 

matter, grey matter, and cerebrospinal fluid (CSF) masks using SPM12. To minimize partial 

voluming, the white matter and CSF masks were eroded by one voxel, which resulted in 

substantially smaller masks than the original segmentations9. The eroded white matter and CSF 

masks were then used as noise regions of interest (ROI). Signals from the white matter and CSF 

noise ROIs were extracted from the unsmoothed functional volumes to avoid additional risk of 

http://www.fil.ion.ucl.ac.uk/spm
http://www.nitrc.org/projects/artifact_detect


© 2019 Whitfield-Gabrieli et al. JAMA Psychiatry. 

contaminating white matter and CSF signals with grey matter signals. The BOLD timeseries 

within the subject-specific white matter mask (5 PCA parameters) and CSF mask (5 PCA 

parameters), were then used as temporal covariates and removed from the BOLD functional data 

using linear regression, and the resulting residual BOLD timeseries were band-pass filtered 

(0.01Hz < f < 0.10Hz).  

Global signal regression, a widely used preprocessing method, was not used because it 

mathematically mandates negative correlations that prevent the interpretation of 

anticorrelations10 and can contribute to spurious group differences in positive correlations11. 

Instead, the anatomical CompCor (aCompCor) method of noise reduction12 as implemented in 

Conn and described above, allows for interpretation of anticorrelations and yields higher 

specificity and sensitivity compared with global signal regression9. 

Head Motion: The average number of outliers across all timepoints was 17 out of 160 

timepoints. Excluding these timepoints preserved enough data to achieve a stable estimate of 

resting state networks13. Three subjects were dropped due to excessive head motion. Although 

rs-fMRI/behavior correlations have been called into question due to the fact that motion often 

correlates with the behavioral measure of interest14, in this sample, Time 1 motion parameters 

did not correlate significantly with CBCL behavioral measures (or progression of CBCL 

measures (Time 4 – Time 1), p’s > .15). 

Seed Definitions: The default mode network seed was defined as a 10mm sphere around the 

peak coordinates from literature (MPFC: (-1, 47, -4)15). The selection of these coordinates was 

based on a number of papers illustrating that a) this MPFC seed region has significant 

anticorrelations with DLPFC, which correlates with executive function16, b) there is a selective 

growth of anticorrelations between this MPFC seed and DLPFC in typically developing 
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children17, and c) there is a significant reduction of MPFC-DLPFC anticorrelations in adult 

psychiatric populations with cognitive impairment, such as in ADHD18, Bipolar Disorder8, and 

Schizophrenia19. In order to define the sgACC seed to investigate the relationship between 

sgACC-DLPFC connectivity and the CBCL Internalization, we used Independent Component 

Analyses to define this component (see below).  

Seed-to-voxel Bivariate Correlation: First-level correlation maps were produced by extracting 

the residual blood oxygen level–dependent (BOLD) time course from each seed and computing 

Pearson’s correlation coefficients between that time course and the time course of all other 

voxels. Correlation coefficients were converted to normally distributed z-scores using the Fisher 

transformation to improve the validity of second-level General Linear Model analyses.  

Previously, we reported that the MPFC is positively correlated with the right DLPFC in children 

(n=32, age 8)17. In the current sample, we applied the right DLPFC mask defined from the 

previous study to replicate that MPFC at Time 1 (n=94, age 7) similarly shows positive 

correlation with the a priori right DLPFC mask. The DLPFC mask was defined as a 10mm 

sphere around the peak coordinates from literature (46,46,6)14. Specifically, we performed a one-

sample t-test of the MPFC-seed Fisher-transformed r-maps at Time 1 and then calculated the 

mean resting state correlations between the MPFC seed region and the a priori DLPFC mask17 

that was generated independently from the current sample (Figure S1).   

 

ICA analyses:  
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Because we did not have an a priori ROI for the sgACC, we derived the sgACC-DLPFC 

component by performing ICA purely on the subjects’ functional data, without any reference to 

behavioral or psychiatric measures. Because this analysis was independent of the CBCL scores 

there is no potential for the introduction of artifactual biases towards those components that 

could be more strongly associated with CBCL scores, so we didn’t need to perform LOOCV. 

Group-level Independent Component Analyses (group-ICA20) were used to identify the 

emotional regulation network (ERN), including the sgACC. Group-level components were 

estimated using a 64-dimensions subject-level dimensionality reduction step, followed by 40-

component group-level dimensionality reduction and fast-ICA with a hyperbolic tangent contrast 

function. The ERN was identified as the component with highest loading at the sgACC 

coordinates (5, 25, -10) (I9 seed21). ERN subject-level component-score maps were averaged 

across participants and thresholded using a combination of T>6 voxel-level “height” threshold 

and FWE-corrected p<.001 cluster-level threshold. This analysis resulted in a positive cluster 

including sgACC as well as bilateral amygdala and hippocampus, and two negative clusters in 

bilateral DLPFC areas. Average ICA subject-level component scores over the resulting DLPFC 

cluster was used in subsequent analyses as a measure of the negative association 

(anticorrelations) between the ERN and DLPFC for each subject, specifically between the 

sgACC and left DLPFC. 

 

 

 

 

Longitudinal Analyses:  
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Importantly, there were no baseline brain differences between completers and non-completers at 

a liberal whole-brain threshold (p = .01 uncorrected for multiple comparisons) for all relevant 

ROIs (MPFC, DLPFC, sgACC). 

Cross Validation: For each cross-validation iteration/fold, all subjects’ data except one (the test 

subject) were used to perform an ANCOVA analysis looking for voxel-level associations 

between functional connectivity and CBCL changes. The resulting set of suprathreshold voxels 

(height level p<0.001) was then used as a mask to compute the average functional connectivity 

values for the test (out-of-fold) subject. This procedure was then repeated for every test subject. 

From the resulting average functional connectivity values the expected level of association 

between functional connectivity and changes in CBCL was computed. In addition, to aid in the 

interpretation of these results, a map of posterior probability values was computed by averaging 

the individual suprathreshold masks across all cross-validation folds. Because the community 

sample included children who had been identified as being at risk for reading difficulties, we 

tested whether including this variable would change the results. However, adding an 'at risk' 

control factor to the prediction analyses did not change the statistical significance (sgACC-

DLPFC predicting internalizing controlling for medication: T(49) = -2.41, p (two-sided) = 0.020,  

as compared with sgACC-DLPFC predicting internalizing, controlling for medication & at risk 

status: T(48) = -2.45, p (two-sided) = 0.018; MPFC-DLPFC predicting attention, controlling for 

medication: T(49) = 2.38 , p (two-sided) = 0.021, as compared with MPFC-DLPFC predicting 

attention, controlling for medication & at risk status: T(48) = 2.20 , p (two-sided) = 0.032.) 
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Null Result: Based on our previous work (Chai et al. Biological Psychiatry, 2016, Figure 2), we 

initially hypothesized the sgACC-DMN connectivity would predict worsening of internalization 

in our pre-registration, however this analysis did not reach current statistical threshold standards.   

 

Replication and Clinical Extension: 

We analyzed data from 25 youth between ages 8-14 who were identified as being at familial risk 

for Major Depressive Disorder, as well as 18 age-matched children who were not identified as 

being at risk. Participants were tested at two timepoints 3 years apart. The baseline pediatric 

sample was defined in Chai et al., 201622 and the follow up resting state prediction of conversion 

analyses are described in Shapero et al., 201923; Hirshfeld-Becker et al., 201924.  In order to 

replicate and extend our initial results, we again used sgACC seed-based prediction analysis to 

replicate the finding that weaker DLPFC-sgACC connectivity (or stronger anticorrelations) at 

baseline predicted greater worsening on the internalization subscale of anxiety/depression three 

years later for both children at familial risk for MDD as well as a new sample of typically 

developing children. We also noted other clusters within the CEN that predicted change of 

CBCL anxiety/depression symptoms, such bilateral parietal cortices. 
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eTable.  Table of cluster statistics and locations from Figure 3 which is a longitudinal prediction 

of progression of CBCL anxiety/depression problems over three years in children who are at 

familial risk for depression.  Baseline resting state connectivity for the sgACC and these clusters 

predicted progression of anxiety/depression. The replication of note is that greater anticorrelation 

of baseline sgACC-DLPFC predicted worsening of anxiety/depression three years later.   
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eFigure 1. On average, children 7 years of age exhibit positive MPFC-DLPFC resting state 

connectivity (n=94, age 7): a) MPFC seed (yellow) and DLPFC mask from previous study 

 (blue) b) Whole brain MPFC seed driven resting state functional connectivity map. *Pre-

registered hypothesis 
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eFigure 2. Longitudinal prediction of progression of attentional problems over four years (ages 

7-11). Weaker T1 MPFC-DLPFC anticorrelations predicted worsening of attentional problems 4 

years later. Note: negative change scores indicate improvement, and positive change scores 

indicate decline over four years. *Pre-registered hypothesis 

 

 

 



© 2019 Whitfield-Gabrieli et al. JAMA Psychiatry. 

 

eFigure 3. Increase in MPFC-DLPFC anticorrelations correlates with improvement of CBCL 

attentional scores over 4 years. 

 

 

eFigure 4. Increase sgACC-DLPFC anticorrelations correlates with a worsening of CBCL 

anxiety/depression scores over 4 years. 
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